Purpose: Neuroimaging is increasingly used to support the clinical diagnosis of patients with cognitive impairment. Dopamine transporter (DAT) imaging, such as DaTSCAN SPECT, tests the integrity of the nigrostriatal pathway, whereas FDG-PET identifies typical patterns of cortical and subcortical hypometabolism. The aim of this study was to assess the relative contribution of DAT and regional glucose metabolism imaging to the differential diagnosis. Patients and Methods: Twenty-seven subjects were investigated for neurodegenerative dementia associated with parkinsonism of variable severity by FDG-PET and DaTSCAN SPECT. They were grouped according to the clinically established diagnosis, including probable Alzheimer disease (5 subjects), corticobasal degeneration (6 subjects), Lewy body dementia (8 subjects), frontotemporal dementia (4 subjects), and Parkinson disease with dementia (4 subjects). Normalized FDG uptake and DAT uptake ratios were obtained by the BRASS software. We used a discriminant analysis with a stepwise method and a leave-one-out cross-validation. Results: With the use of regional values of normalized FDG uptake, 85.2% and 55.6% of the patients were correctly classified by the discriminant analysis and the cross-validation, respectively. When DAT alone was considered, the results were 59.3% and 51.9%, whereas the combination of both DAT and normalized FDG uptake yielded 100% and 88.9% of accurate classifications.
F
unctional neuroimaging is increasingly used to supplement the clinical diagnosis of patients with neurodegenerative dementia and various degrees of parkinsonism because both conditions are frequently associated in clinical practice and remain a real challenge to clinicians. The most prevalent neurodegenerative conditions associating cognitive decline with parkinsonism include Alzheimer disease (AD), Lewy body dementia (LBD), Parkinson disease dementia (PDD), frontotemporal dementia (FTD), and corticobasal degeneration (CBD). Clinically, it may be difficult to establish a firm diagnosis among them, especially at an early stage. For example, suggestive features, such as visual hallucinations in PDD and LBD, may manifest only at an advanced stage or not at all.
The current status of functional neuroimaging to investigate neurodegeneration of the nigrostriatal pathway for the differential diagnosis of parkinsonism has been recently reviewed, 1 focusing mainly on dopamine transporters (DATs). 2 DaTSCAN SPECT, in particular, has been validated for differential diagnosis between LBD and non-LBD with a sensitivity and specificity of 78% and 90%, respectively. 3 Because of the variable degree of caudate nucleus involvement and a highly conserved pathologic change across the substantia nigra in Parkinson disease (PD), patterns of symmetry and caudate-to-putamen ratios can differ among groups, but presynaptic dopaminergic imaging alone does not allow accurate differentiation between PD and atypical parkinsonian syndromes.
4Y6
Imaging of brain perfusion or metabolism, on the other hand, has been used to distinguish these disorders in vivo, but most studies compared only 2 groups of specific disease entities. 7Y9 One study using 18 F-FDG-PET and pattern recognition on individual statistical parametric maps in patients with PD, multiple-system atrophy, progressive supranuclear palsy, and CBD found that automated classification agreed with the clinical diagnosis in 92.4% of the cases. 10 However, this study did not include patients with LBD, AD, or FTD.
Thus, when the clinical picture is ambiguous, DAT imaging is performed to confirm the involvement of the nigrostriatal pathway related to parkinsonism and FDG-PET to identify typical pattern of cortical and subcortical hypometabolism associated with cognitive deficits. Some groups have described the contribution of either modality in the imaging characterization of different neurodegenerative conditions, 8, 11, 12 and so far, only one group investigated the added value of measuring both DAT and cortical involvement (using perfusion SPECT) in the differential diagnosis of parkinsonian disorders. 13 The aim of this retrospective study was therefore to investigate the contribution of DaTSCAN and FDG-PET imaging to classify the patients in diagnostic groups using an operator-independent, automated template-based discriminant analysis method. As operational criterion standard, clinical diagnosis after a follow-up of at least 6 months was taken.
PATIENTS AND METHODS

Patients
We retrospectively evaluated our database of internal referrals for combined FDG-PET and DaTSCAN SPECT between 2006 and 2011. The inclusion criteria were as follows: -To have undergone both FDG-PET and DAT imaging not more than 6 months apart, requested by the referring clinician; -To have CT or MR morphological imaging excluding vascular lesions; -To fulfill a diagnosis of probable AD, CBD, PDD, LBD, and FTD according to established clinical criteria. 14Y18 The diagnosis was independently confirmed by 2 dementia and movement disorders specialists (F.A., P.R.B.); -To have a minimum follow-up of 1 year, during which no diagnostic change was made; -To be right handed.
We obtained a total of 27 patients, grouped as follows: 5 for AD, 6 for CBD, 8 for LBD, 4 for FTD, 4 for PDD. The clinical diagnosis of probable AD, CBD, PDD, LBD, and FTD was made according to established criteria. Patients'demographic data are given in Table 1 for the 5 considered groups.
This retrospective study was approved by the local ethical committee.
Data Acquisition and Reconstruction
FDG-PET
All subjects received about 250 MBq of 18 F-FDG in slow IV injection under standardized injection circumstances (supine, low ambient noise, dimly lit room, eyes closed). Usual medication schemes were continued before and on the day of the scan.
PET/CT data acquisition was performed on a Biograph Sensation (Siemens Healthcare, Erlangen, Germany) using a standard protocol recommended by the manufacturer. The PET acquisition was started approximately 30 minutes after injection of 18 F-FDG. The PET emission study (20 minutes, 1 bed position) followed immediately the CT study used for attenuation and scatter correction. Image reconstruction was performed using a filtered-back projection algorithm.
DAT SPECT
123
I-FP-CIT (DaTSCAN; Amersham HealthYGE Healthcare) SPECT was performed within 1 month from the PET study for all but 2 patients (an interval of 8 month for 1 AD patient and of 12 months for 1 PD patient were considered acceptable). All patients received about 185 MBq of 123 I-FP-CIT in slow IV injection. Thyroid uptake was blocked before the scan by administration of Lugol solution (5 drops 5% KI administered before and 4 hours after injection). SPECT data acquisition started 4 hours after administration of the DAT tracer. Dopaminergic agents, whenever used, were not discontinued.
The scans were acquired on a triple-head gamma-camera (Toshiba Medical Systems, Tokyo, Japan) equipped with a fan-beam, low-energy, high-resolution collimators. In all cases, the head was fixed in a head holder to minimize motion artefacts. Acquisition parameters included step-and-shoot mode over 30 minutes. Sixty projection angles were taken over 360 degrees and a 128 Â 128 matrix was used. Reconstruction was performed using filtered projection using a Shepp and Logan filter. The triple-energy window method was used for scatter compensation, whereas a uniform Chang attenuation correction was used to compensate for photon attenuation using a uniform attenuation coefficient of 0.15/cm.
Image Processing and Data Analysis
FDG-PET and DaTSCAN images were quantitatively analyzed using BRASS automated functional brain analysis software (Hermes BRASS software, Nuclear Diagnostics AB, Sweden). Briefly, BRASS fits and compares patients' images to 3-dimensional reference templates created from images of healthy subjects. 19 FDG-PET images were warped 20 individually to the BRASS template. DAT images were also evaluated using BRASS. This analysis takes the tomographic data, spatially registers them to a template in a standard space, and finds the count concentration in striatal (Cs) and background occipital (Cb) volumes of interest. With the use of the activity concentrations in the volumes of interest (VOIs), striatal uptake ratios defined as (Cs j Cb) / Cb of specific tracer binding are calculated.
The template VOI sets were predefined in the BRASS software. 21, 22 For the analysis of FDG data, we took into account the following VOIs covering cerebral gray matter, that is, superior, middle, and inferior frontal gyrus; precentral and postcentral gyrus; paracentral lobule; superior, middle, and inferior temporal gyrus; inferior and superior parietal lobule; angular gyrus; supramarginal gyrus; superior, middle, and inferior occipital gyrus; precuneus; cuneus; uncus hippocampi; hippocampal gyrus; cingulate gyrus; thalamus; putamen; caudate nucleus.
For activity normalization, relative uptake values were determined by dividing VOI uptake by the total cerebral gray matter uptake (overall gray matter VOI), thus providing regional normalized FDG uptake values.
For DAT, uptake ratios measured for the caudate and the putamen, for the more and less affected hemisphere, relative to occipital activity, were taken as input variables.
An example of FDG-PET and DaTSCAN SPECT images in a case of AD, showing the normalized images as well as the VOI template, is provided in Figure 1 .
Discriminant Analysis and General Statistics
All general statistical analyses were performed using PASW (SPSS version 18.0 for Windows; SPSS Inc). Then general discriminant modeling was used to perform the discriminant analysis.
Discriminant analysis is a statistical approach used to predict a categorical dependent variable (called a grouping variable) by one or more continuous or binary independent variables (called predictor variables). In this case, the continuous independent variables are represented by the regional DAT uptake and normalized FDG uptake values. Discriminant analysis works by creating one or more (for more than 2 groups) linear combinations of predictor variables that provide the best discrimination between the groups: these are called discriminant functions and have the form displayed in the Equation 1:
where d ik is the value of the kth discriminant function for the ith case, p is the number of predictors, b jk is the value of the jth coefficient of the kth function, x ij is the value of the ith case of the jth predictor. The functions are generated from a sample of cases for which group membership is known, in our case the whole sample of subjects grouped according to clinical diagnosis.
Stepwise forward analysis was used to identify possible multiple variables for optimal discrimination, with a decision scheme based on the smallest F ratio (maximum significance of F to enter, 0.10; maximum significance of F to remove, 0.20). The a priori classification probability was set as being equal to ascertain a conservative estimate.
Classification performance was initially tested using the training error, that is, by post hoc classification statistics. To estimate a more unbiased and generalized performance measure for new patient cases, the a priori discriminant value or discriminant cross-validity was tested using a classical leave-one-out procedure. 23 In this cross-validation, 
RESULTS
Discriminant analysis was performed for DAT and normalized FDG uptake data separately, as well as combining the 2 data sets.
DAT Values
The stepwise discriminant analysis retained the DAT uptake ratio in the most affected putamen and in the least affected caudate as significant, with 59.3% of originally grouped cases correctly classified and 51.9% of cross-validated grouped cases correctly classified. The eigenvalues, canonical correlation coefficients, and percentage of variance explained by each discriminant function are provided in Table 2 . The region with the highest coefficient in the first discriminant function is the most affected putamen (1.969) and in the second discriminant function the less affected caudate (1.467). The distribution of the cases according to the 2 canonical discriminant functions is shown in Figure 2 .
Regional Normalized FDG Uptake Values
The stepwise discriminant analysis retained as significant the normalized FDG uptake in the right inferior parietal lobule, in the right and left precuneus, in the right thalamus, and in the right putamen: 85.2% of the originally grouped cases were correctly classified, whereas 55.6% were correctly classified after cross-validation. The eigenvalues, canonical correlation coefficients, and percentage of variance explained by each discriminant function are provided in Table 2 . The region with the highest coefficient in the first and the second discriminant function is the right precuneus (2.257 and 2.689, respectively). The distribution of the cases according to the first 2 canonical discriminant functions is shown in Figure 3 .
Combined DAT and Normalized FDG Uptake Values
The stepwise discriminant analysis retained as significant the DAT uptake ratio in the most affected putamen and in the least affected caudate, as well as normalized FDG uptake in the left precentral gyrus, in the right postcentral gyrus, in the right inferior parietal lobule, in the left superior parietal lobule, in the right inferior occipital gyrus, in the left cuneus, in the left precuneus, in the right hippocampus, in the right cingulate gyrus, in the right and left thalami, and in the right putamen. By using these regional values, 100% of the original grouped cases and 88.9% of cross-validated grouped cases were correctly classified. The eigenvalues, canonical correlation coefficients, and percentage of variance explained by each discriminant function are provided in Table 2 . The region with the highest coefficient in the first discriminant function is the relative FDG uptake in left precuneus (5.960) and in the second discriminant function the most affected putamen DAT binding (4.999). The distribution of the cases according to the first 2 canonical discriminant functions is shown in Figure 4 .
DISCUSSION
Functional neuroimaging has become a pivotal tool in the investigation of neurodegenerative conditions, supporting clinical diagnosis and having a relevant impact on therapy selection and prognosis. In particular, molecular imaging allows individualized classification of patients based on specific biomarkers, such as the distribution of glucose metabolism and the impairment of the nigrostriatal pathway. DaTSCAN SPECT and PET metabolic imaging are 2 techniques frequently used for patients referred for cognitive disturbances and some degree of parkinsonism, often early in the disease course. The patterns of DAT involvement and FDG impairment in these diagnostic entities are well known and have been described in larger samples. 6, 24, 25 DaTSCAN is already known to be unable to distinguish the different causes of degenerative parkinsonism between them. 6 However, is the metabolic/perfusion information sufficient to classify the patients in diagnostic groups?
Multitracer imaging analyzed with automated methods for differential diagnosis among these clinical entities has not been much explored yet. Only a few previous studies used an automated approach to classify patients on the basis of their imaging features: most of these studies used only one imaging modality, such as PET or perfusion SPECT, with overall good performances. 26Y28 Only one previous study used the combined information of DaTSCAN SPECT and perfusion SPECT to differentiate PD, progressive supranuclear palsy, multiplesystem atrophy, LBD, and essential tremor with superior results when FIGURE 2. Two-dimensional projection plot of discriminant canonical functions for differentiation of patients with dementia using DAT imaging. On the x and y axes, the 2 discriminant functions, that is, the 2 linear combinations of the regional values providing the best discrimination between the groups. Colored dots indicate individual data, by clinical diagnosis, that is, AD, LBD, PDD, FTD, and CBD. The squares indicate the group centroids. both perfusion and DAT uptake ratios were taken into account, reaching an accuracy of 97.4%. 13 In this retrospective study, we used an operator-independent, automated template-based discriminant analysis method to analyze both FDG-PET and DaTSCAN results for each patient. Our analysis focused specifically on its potential to distinguish AD, CBD, PDD, LBD, and FTD from each other. The main contribution of the use of an automated template-based approach is that the results of our analysis are unbiased and independent from the experience of the reader.
Interestingly, our results show that these 2 techniques, easily accessible in current clinical practice, allow a very good diagnostic precision when used together, with an overall accuracy of 88.9% in the cross-validation. More importantly, the information given by each of them is not redundant: only 51.9% of cross-validated grouped cases were correctly classified with DaTSCAN alone, and only 55.6% with normalized FDG uptake alone.
The method used in this work has been previously validated. 13 As in this previous work, we flipped the DAT data according to the clinically predominant affected side in case of asymmetric disease because there is a well-established correlation between the clinical expression and the most affected side. We did not flip the FDG-PET data to keep the information related to the functional lateralization of hemispheric functions, which might be relevant for differentiating neurodegenerative disorders.
To minimize the risk of false-positive results, the pretest likelihood was not based on the clinical picture, and all groups were set as equally probable in the discriminant analysis. When taking this information into account or adjusting the a priori likelihood of, for example, a distribution more related to clinical prevalence, age, and additional clinical parameters, the overall accuracy of this technique may further improve.
Care was taken here to provide also cross-validated results as a more unbiased predictor for future novel cases because it is well known that discriminant analysis without cross-validation can yield overly optimistic discrimination values. 26 Importantly, the results of our analysis of FDG-PET data showed that the specific regions allowing the automatic classification of subjects in the different diagnostic groups are indeed the cortical and subcortical regions that have been described as typically affected in the various pathological entities. Indeed, they include the parietal cortex (PD and AD), the precuneus and the hippocampus (AD), the occipital cortex (LBD), and the thalami, the putamen, and the precentral cortex (CBD, FTD, PD) .
The laterality of these findings, however, is more difficult to interpret: it might be due to a specific lateralization associated with the different degenerative syndromes but might also be specific for our sample of subjects.
The methods used in this work could be readily applied in a clinical setting: each center should select a sample of patients with a clinical diagnosis confirmed by follow-up, as in our case, and use it as ''training set'' to identify the regions, which allow the best discrimination among groups, which might vary across scanners and imaging protocols.
Each incoming patient could then be evaluated, in analogy with the cross-validation procedure we used: the program would provide the attribution to a diagnostic group with a given probability, and this information could support image interpretation and clinical workup.
For those centers not having the possibility to test discriminant analysis in-house because of a limited number of patients with defined clinical diagnoses or without access to the software tools needed to implement a platform of analyses, these results highlight some regions playing a more relevant role than others in the differential diagnosis of neurodegenerative syndromes. When visually reading the DAT images, the most affected putamen will be the first sign of a neurodegeneration of the nigrostriatal pathway to look for, and when reading the FDG-PET images, the precuneus will be the first cortical region to assess, given its early and specific involvement in AD cases. 29 
Study Limitations
This study has a few limitations that should be mentioned. First, the retrospective design, explaining the inhomogeneity of the subjects sample and the small number of subjects included, limits our ability to generalize these findings. In addition, clinical diagnosis was not blinded to the results of neuroimaging studies, adding a potential bias.
We had access to a limited number of patients compared with the larger number of independent variables that were analyzed (920 regions of interest per hemisphere of the brain for FDG and 4 for ioflupane), which is a limitation, to apply a discriminant analysis. In fact, it is often preferred that at least 10 observations are used for each independent variable to properly predict the dependent variables of categorization, but we preferred not selecting the regions a priori, considering that this is an exploratory study. In the interpretation of functional neuroimaging data, multiple factors such as compensatory mechanisms or effects themselves of the medication might have an impact on the results. We have not included potential variables such as disease duration and the nature and the posology of various medications that our patients may have taken. However, this corresponds more closely to the usual patients' conditions in a clinical setting, and there are very few medications known to interfere with DAT imaging.
No neuropathological confirmation of the clinical diagnosis was available. It can thus be expected that a proportion of cases can be misclassified with respect to pathologic diagnosis. 30, 31 However, in the absence of anatomopathologic confirmation, the canonical discriminant functions derived from this work lead to a diagnostic accuracy that is comparable to a high standard clinical evaluation and provide an objective, operator-independent classification in early the stage of the disease. Finally, atrophy was not taken into account, given that not all subjects had a 3-dimensional T1-weighted MRI allowing a correction for partial volume effect. However, this is in line with most of the previous works investigating FDG-PET patterns in dementia diagnosis.
CONCLUSIONS
These preliminary results obtained by an automated approach suggest that the information obtained from the analysis of the normalized FDG uptake and DAT uptake ratios is not redundant in a sample of patients experiencing various neurodegenerative conditions. In fact, taking into account both approaches allows a better classification of each patient and a larger gain for the cross-validated cases.
Our results provide additional evidence of the value of functional brain imaging in the evaluation of complex neurodegenerative disorders. Why certain diseases affect some parts of the brain more than others is poorly understood, but analyses of functional patterns in these patients are important. These results also illustrate that the systematic investigation of both normalized FDG uptake and DAT uptake for these patients is justified, although unfortunately at a greater expense and inconvenience to the patient.
The automated technique we propose could be validated in larger and independent samples and may increase confidence to diagnose neurodegenerative disorders at an early stage.
Large databases for imaging studies performed in normal subjects, as well as in various diagnostic entities, are becoming increasingly available on an open-access basis. 24 In parallel, shared analysis platforms are under development, such as in the neuGRID (www.neuGRID.eu) and DECIDE (https://www.eu-decide.eu/) projects. In this perspective, it is of special interest to develop and to adapt automated tools able to combine various biomarkers for the ''biochemical classification'' of neurodegenerative disorders.
